Abstract. The operation of an offshore installation is associated with a high level of uncertainty because it usually operates in a dynamic environment in which technical and human and organisational malfunctions may cause possible accidents. This paper proposes a fuzzy Bayesian network (FBN) approach to model causal relationships among risk factors which may cause possible accidents in offshore operations. The FBN model explicitly represents cause-and-effect assumptions between offshore engineering system variables that may be obscured under other modelling approaches like fuzzy reasoning and Monte Carlo risk analysis. The flexibility of the method allows for multiple forms of information to be used to quantify model relationships, including formally assessed expert opinions when quantitative data are lacking in early design stages with a high level of innovation, or when only qualitative or vague statements can be made. The model is also a modular representation of uncertain knowledge due to randomness and vagueness. This makes the risk and safety analysis of offshore engineering systems more functional and easier in many assessment contexts. A case study of the collision risk between a Floating Production, Storage and Offloading (FPSO) unit and the authorised vessels due to human errors during operation is used to illustrate the application of the proposed model.
Introduction
An offshore installation is a complex and expensive engineering structure composed of many systems and is usually unique with its own design/operational characteristics (Wang et al., 2004) . Offshore installations need to constantly adopt new approaches, new technologies, new hazardous cargoes, etc., each of which brings a new hazard in one form or another. Typical hazards include a reduction in the stability of the storage vessels, a fire in the offshore platform and loss of safety refuge in the platform. Over the past two decades, a number of serious accidents including the Piper Alpha accident and the Sleipner accident have attracted public concerns to offshore safety and reliability. The studies on how similar accidents may be prevented have been actively carried out at both the national and international levels. Lord Cullen's investigation into the explosion aboard the Piper Alpha platform which claimed the lives of 165 on board was published in November 1990 (UK Department of Energy, 1990) . The report covered a complete range of issues from hardware design and integrity through day-to-day safety management. The inquiry was a milestone which marked a change in the safety regime in the UK offshore industry. Following Lord Cullen's report, a number of safety regulations have been approved (HSE, 1996) . Recently, the industrial guidelines on a framework for risk-related decision support have been produced by the UK Offshore Operators Association (UKOOA) (UKOOA, 1999) . At the moment, one of the major challenges on the practical application of formal offshore installation safety assessment is associated with the development of integrated and flexible approaches to facilitate its application *: Corresponding author, email: j.wang@ljmu.ac.uk while human and organizational elements significantly influence the safety of the offshore installation (Wang, 2006) .
To reduce the likelihood of occurrence of accidents, it is essential that scenarios involving the potential loss of operational control be assessed at an early stage in the design of new facilities, in order to optimise technical and operational solutions. However, the operation of offshore systems is often associated with a high level of uncertainty because they usually operate in an ever-changing environment in which both technical and human and organisational malfunctions may contribute to a range of possible accidents. An efficient and effective safety assessment method is, therefore, needed to model the safety of offshore engineering systems.
The main issue in offshore risk analysis is how to deal with unpredictable and uncertain events. Uncertainty is mainly grouped into three categories: vagueness, randomness and ignorance. Vagueness is caused due to ill-defined concepts in observation or the inaccuracy and poor reliability of instruments used to make observations. Fuzzy set theory can be used to deal with vagueness. In maritime risk analysis, fuzzy reasoning approach has been developed to deal with problems associated with a high level of vagueness (Wang et al., 1995; Ren et al., 2005) . This includes a subjective safety based decision-making method (Wang et al., 1996; Wang and Kieran, 2000) , and an evidential reasoning approach based on Dempster-Shafer theory for risk modelling and decision making (Yang and Xu, 2002; Sii et al., 2001) . Randomness is caused due to unpredictable events. It is about the certainty of whether a given element belongs to a well-defined set. Classical probability theory is often used to deal with randomness. Ignorance is caused due to weak implication, which occurs when an expert is unable to establish a strong correlation between premise and conclusion. As an application of probability theory, Bayesian network (BN) is a powerful tool both for graphically representing the relationships among a set of variables and for dealing with uncertainties in such variables. Unlike rule-based approaches for risk modelling e.g. approximate reasoning approaches, BN is capable of replicating the essential features of plausible reasoning in a consistent, efficient and mathematically sound way. Critically it is able to retract belief in a particular case when the basis of that belief is explained by new evidence (Pearl, 1988) . BN has been used in many different domains.
However, both fuzzy logic based approximate reasoning and BN have limitations in modelling the safety of large engineering systems. The main limitation of fuzzy reasoning approaches is the lack of ability to conduct inference inversely. Feed-forwardlike approximate reasoning approaches are strictly one-way, that is, when a model is given a set of inputs it can predict the output, but not vice versa. This may have limitation on the flexibility of a safety assessment method that focuses on exploring causal relationships among risk factors. For example, failure consequence probability (i.e. the probability that consequences happen given the occurrence of an event) is often used as an input variable in safety assessment. In order to estimate the value of failure consequence probability, it is assumed that the "consequence" is directly caused by the occurrence of an "event". This may be true in some circumstances where personnel injury/loss (consequence), for instance, may be directly caused by a collision (event) between an FPSO unit and a shuttle tanker. In offshore safety assessment, however, an event-consequence pair is often indirectly inter-related. Personnel injury/loss (consequence) and bad weather (event) are such an indirectly inter-related pair. Current rule-based reasoning systems are not capable of finding out this type of causal relationship.
BN, on the other hand, is criticised with the utilisation of a probability measure to assess uncertainty. It requires too much precise information in the form of prior and conditional probability tables, and such information is often difficult or impossible to obtain. In particular, in dealing with indirect relationships, even domain experts may find that it is usually difficult to make precise judgments with crisp numbers, that is, to assign an exact number to the probability that consequences happen given the occurrence of an event. In certain circumstances, a verbal expression (e.g. "very unlikely") or interval value (e.g. (0.15, 0.20)) of probabilistic uncertainty may be more appropriate than numerical values. This paper therefore investigates the possibility of merging BN and fuzzy logic to provide an alternative means to facilitate offshore risk analysis. The main objective of this research is to propose a method for modelling offshore system safety using an FBN model. The proposed FBN model is particularly based on the work of Furthsirth-Schnater (1993) and Halliwell et al. (2003) . The rest of this paper is organised as follows. Section 2 briefly reviews the offshore risk analysis consideration and safety assessment methods. Section 3 gives details of the FBN model and risk analysis flow diagram. A case study of collision risk assessments for FPSO-authorised vessels during operation is described in Section 4. Section 5 provides the conclusions of the paper. Appendices 1 and 2 give brief descriptions of basic fuzzy set theory and linguistic variables, respectively. Appendix 3 provides a calculation example of fuzzy Bayesian inference.
Offshore risk consideration and safety assessment methods
The concept of risk is used to assess and evaluate uncertainties associated with an event. Risk can be defined as a combination of the probability and the degree of the possible human injury, damage to property, damage to environment or some combinations of them (Henley and Kumamoto, 1992) . Hence, risk can be measured as a pair of the probability of occurrence of an event, and the consequences associated with the event's occurrence. To assess risk associated with an engineering system or a product, the following questions must be answered:
• What can go wrong?
• What are the effects and consequences?
• How often will they happen and what are the causes?
The first two questions can be answered with a HAZID (hazard identification) approach (Pillay and Wang, 2003) . Using HAZID, experienced engineers are required to systematically identify all potential failure events with a view of assessing their influences on system safety and performance. The key issue of HAZID is to gather information of hazards, causes and consequences. As an offshore installation is a very complex system, accidents may be caused by multi-factors. It is very important to explore the relationships among those inter-related factors. Human injury, for instance, may be caused by collision between an FPSO unit and a shuttle tanker or a support vessel. The collision may be caused due to faulty position of the shuttle tanker or support vessel. The faulty position of shuttle tanker or support vessel may be caused by human errors or bad weather conditions. Those factors have direct or indirect relationships. It is therefore expected to use probabilistic inference to identify the underlying influence between those relationships. It is necessary to determine, for example, the conditional probabilities of human errors or bad weathers when it is known that there is human injury/death. Therefore, the third question must be answered by establishing the causal relationships among risk elements and estimating the occurrence likelihood of each event. This needs flexible causality modelling techniques to be developed and applied.
In recent years, BN has attracted increasing attention because of the new algorithms such as Message-Passing algorithm, Variable Elimination algorithm and Best-first Search algorithm (Lauritzen and Spiegelhalter, 1988; Pearl, 1988; Zhang et al., 2004) . BN has several features:
• It has the ability to incorporate new observations in the network and to predict the influence of possible future observations onto the results obtained (Heckerman, 1996) .
• It can not only let users easily observe the relationships among variables, but also
give an understandable semantic interpretation to all the parameters in a Bayesian network (Myllymaki, 2005) . This allows users to construct a Bayesian network directly using domain expert knowledge. Furthermore, a Bayesian network has both a causal and probabilistic semantics, and thus it provides an ideal representation scheme for combining prior knowledge (which often comes in causal form) and data.
• It can handle missing and/or incomplete data. This is because the model has the ability to learn the relationships among its nodes and encodes dependencies among all variables (Heckerman, 1997).
• It can conduct inference inversely.
Many applications have proven that BN is a powerful technique for reasoning relationships among a number of variables under uncertainty. For example, Hayes (1998) applied BN successfully to ecological risk assessment. Kang and Golay (1999) applied BN successfully to fault diagnosis in complex nuclear power systems. However, when using BN in offshore safety analysis, there are some difficulties e.g. how to deal with incomplete and vague information that largely exists during the early system design stage. In the prior research, approximate reasoning and evidential synthesis approaches have been proposed (Wang et al., 1995; Sii et al., 2001; Ren et al., 2005 ). In the above research, three fundamental parameters, i.e. failure rate, consequence severity and failure consequence probability, were used to describe the uncertainties. Due to the high level of uncertainty or the qualitative nature of failure data, safety analysts may often have to use subjective descriptors to describe the above three parameters (Karwowski and Mital, 1986; Wang et al., 1995) . Furthermore, even some quantitative variables are often difficult to evaluate with accurate data. For instance, failure consequence probability may be more conveniently estimated by experts as a fuzzy number than calculated using BN.
However, conventional BN can only deal with crisp probability and crisp sets. To solve problems with fuzzy input parameters, further research is required to develop novel and flexible risk analysis techniques for dealing with vagueness, ignorance, and randomness properly as well as conducting reasoning under uncertainties on a rational basis.
In order to find a suitable method, extensive literature review was conducted. The literature study was centred on FBN and fuzzy Bayesian inference and extended to fuzzy/linguistic probability theory. Since Zadeh (1984) first proposed the concept of fuzzy probability, many researchers have contributed to this theory and its application. Fuzzy probability measures can be classified into the following three major categories on which uncertainty and information measures are based:
• Fuzzy sets and conventional probability theory.
• Crisp sets and fuzzy number based probability theory.
• Fuzzy sets and fuzzy number based probability theory.
A review of the literature has identified a variety of treatments of fuzzy probability and BN. A piece of work on fuzzy Bayesian inference was conducted in the area of safety project studies in structural reliability research (Chou and Yuan, 1993) . Perichi (1991) extended the conventional Bayesian inference mechanism by introducing an intervalbased approach, which uses intervals to describe the maximum uncertainty of the observed values. Yang and Cheung (1995) observed two important problems with computation of the fuzzy posterior probability:
• Difficulty in the determination of the likelihood density function, which is complicated and time-consuming for parameter estimation.
• Difficulty in computation of the integral that defines the likelihood probability for the fuzzy valued evidence.
In order to solve the above problems, León-Rojas et al. (2003) proposed a fuzzy Bayesian partnership algorithm to estimate fuzzy likelihood and fuzzy prior probability. Using maximum likelihood solution, they avoided complicated likelihood function estimation and thus provided a way to simplify computation. Although their method was successfully used in population annoyance level assessment caused by noise exposure, the underlying algorithm is similar with likelihood density function estimation. The calculation is still complicated and time-consuming. Darwiche (2003) proposed a differential approach to inference in BN. Their idea is based on evaluating and differentiating arithmetic circuits using a polynomial. Recently Li and Kao (2005) proposed a methodology for solving abductive reasoning problems in BN involving fuzzy parameters and extra constraints. Their method developed a non-linear programming model for dealing with constrained abductive reasoning on BN. The shortcomings of this method are that there is no general solution for the non-linear programming model and the algorithms are case specific.
The idea of using fuzzy numbers to replace crisp numbers in Bayesian inference was proposed by Furthsirth-Schnater (1993) and Halliwell and Shen (2002) . To fit fuzzy numbers into the axiomatic basis of probability theory, they defined "Bayesian fuzzy probability" as convex, normal fuzzy set of [0, 1] . Using a new terminology "subsumption", they relaxed Complementation Law to extend a partially defined linguistic probability measure. Their method has been successfully used in forensic statistics (Halliwell et al., 2003) .
In summary, on one hand, safety assessment and risk analysis should cover areas where it is difficult to apply traditional safety assessment techniques. Lack of reliable safety data and lack of confidence in safety assessment have been two major challenges in safety analysis of various engineering activities. On the other hand, the existing algorithms capable of dealing with fuzzy and judgemental variables are computationally complicated and time-consuming in parameter estimation. So far few work has been reported in offshore safety analysis in finding a right balance between the above two issues. To solve such problems, this paper proposes a novel and flexible FBN method for dealing with uncertainty including vagueness and randomness in offshore risk analysis. The proposed method extends Halliwell and Shen (2002)'s definition of the fuzzy probability measure and provides four equations to support fuzzy Bayesian inference. The method is also a modular representation of uncertain knowledge and thus can be potentially integrated into the existing offshore safety assessment systems.
Fuzzy Bayesian network model and risk analysis diagram
3.1 Fuzzy probability measure and FBN model A classical BN is a pair N={(V, E), P} where V and E are the nodes and the edges of a Directed Acyclic Graph (DAG), respectively, and P is a probability distribution over V. Discrete random variables } ;... ; { 2 1 n X X X V = are assigned to the nodes while the edges E represent the causal probabilistic relationship among the nodes. Each node in the network is annotated with a Conditional Probability Table (CPT) that represents the conditional probability of the variable given the values of its parents in the graph. The CPT contains, for each possible value of the variable associated to a node, all the conditional probabilities with respect to all the combinations of values of the variables associated with the parent nodes. For nodes that have no parents, the corresponding table will simply contain the prior probabilities for that variable. The principles behind BN are Bayesian statistics and concentrate on how probabilities are affected by both prior and posterior knowledge (Buckley, 2002) . In order to extend the classic BN into FBN which is capable of dealing with fuzzy variables, fuzzy numbers and their operations must be used (a detailed description is presented in Appendix 1).
It is essential to choose proper fuzzy probability measure to conduct fuzzy Bayesian inference. Based on the work of Furthsirth-Schnater (1993) and Halliwell et al. (2003) , fuzzy probability measure and fuzzy probability space are defined as follows:
Definition (Fuzzy probability measure): Let Ω be a set of outcomes, ε be a sigma algebra of events of interest (note: a sigma-algebra ε over a set Ω is a family of subsets of Ω which is closed under countable set operations). A fuzzy probability measure is defined overε that is, a function
is termed as a fuzzy probability measure ) , ( ε Ω if and only if:
is termed as a fuzzy probability space. " o " is denoted as one of the fuzzy number arithmetic operations i.e. addition, subtraction, multiplication and division. To distinguish fuzzy number arithmetic operations from classical arithmetic operations, " "⊕ and " "⊗ are used to denote fuzzy addition and multiplication, respectively. It should be noted that x 1 stands for a fuzzy subset of real number 1 and x 0 stands for a fuzzy subset of real number 0.
Based on the above four axioms, four fuzzy Bayesian rules can be defined to support an FBN model:
Fuzzy joint probability
Fuzzy marginalization rule
To distinguish fuzzy probability equations from conventional equations, " "≅ is used instead of " "= .
Using the above equations, fuzzy BN inference can be conducted.
FBN based risk analysis flow diagram
There is a need for a generic FBN based offshore risk analysis flow diagram to be developed. In the flow diagram, offshore system hazards identification and FBN inference should be dealt with in an integrated manner. The flow diagram should include all processes in FBN inference and may provide a basis for the further development of a generic offshore risk analysis framework. The proposed flow diagram is suggested and depicted in Figure 1 . It outlines the necessary steps required for risk analysis in a holistic way supported by FBN. It is a guideline in carrying out cause-and-effect inference based on subjective judgements, and thus provides a logical solution as it emulates the human reasoning process through forward/backward propagating within a specific domain of knowledge, codes and standards based on the company's policy using an FBN approach.
The proposed flow diagram consists of two major components. Particularly, the FBN module describes the steps in Bayesian inference and serves as integration interface of information that is mainly caused by randomness and vagueness. This makes the flow diagram more functional and more effective to amalgamate safety of an offshore engineering system. The major steps of the components used in the flow diagram are outlined as follows: • Construct a BN structure from a generated list of identified hazards specific to the problem under investigation.
• Select the types of fuzzy membership function used to delineate variables (nodes) and provide interpretation for each fuzzy set of each variable (node).
• Integrate domain specific knowledge obtained from available data included in regulatory rules and standards, databases and data networks, and, if necessary, also from simulations and experiments into the network structure.
• Specify states and assign input values for the fuzzy conditional probability table (FCPT) of each variable (node).
• Update the values of all nodes by calculating posterior probabilities via the four Bayesian equations (i.e. Equations (1), (2), (3) and (4)) when new information is available.
• Interpret the causal relationships and provide the generated results for approximate reasoning based safety synthesis.
Case study: collision risk of FPSO & authorised vessels
Human errors are the causes of many well-known major incidents such as the loss of Piper Alpha tragedy. According to the P&I Club studies into accidents and claims, approximately 80% of maritime accidents are attributable to human errors (Mitchell and Bright, 1995) . Understanding human errors and system failures is particularly important with respect to offshore installations. In this section, a case study of the collision risk between an FPSO unit and the authorised vessels due to human errors during a tandem offloading operation is addressed to illustrate the application of the proposed FBN model. The analysis process follows the diagram proposed in Section 3 (see Figure 1 ).
General description and BN model establishment
An FPSO unit is one of the most popular floating systems used by the offshore oil and gas industry. In the UK, crude oil from an FPSO is normally transported to shore using shuttle tankers specially designed for dealing with the harsh weather conditions. Shuttle tankers equipped with a bow-loading system are connected to FPSO or storage facilities by mooring hawser and loading hose through which cargo is offloaded. Tandem loading/offloading is a complex marine operation. It is with high risk due to the close proximity required between the two large vessels. In addition, FPSO units are also routinely serviced by support vessels. During the operation of service, support vessels could collide with FPSO units due to faulty positioning. In a generic scenario, FPSO units can collide with these ships. Figure 2 . As can be seen in Figure 2 , the six nodes are organised by the acyclic arrows that represent the causal relationships among them. One of the most interesting questions is to find out that if there is a personnel injury/loss observed, then in what possibility it is caused by human errors. 4.2. Fuzzy prior and conditional probabilities Domain experts were asked to give judgments about the fuzzy probabilities regarding all the nodes. They use linguistic terms to describe the fuzzy probabilities and then refine them with membership functions. The assignment of linguistic terms with associated fuzzy membership functions is case-dependent and expert-dependent (a detailed description of the linguistic variables can be seen in Appendix 2 and demonstrated in Table 8 ). For example, linguistic term "Quite unlikely to happen" was assigned to node "Human Errors" and then defined by fuzzy membership function (0.39,0.40,0.41). Without loss of generality, in this case study triangle (a, b, c) is used although other forms of fuzzy membership function could be employed.
It should be noted that all the membership functions given in this case study are with a narrow interval e.g. (0.39, 0.40, 0.41), this is because wide intervals of fuzzy prior/conditional probabilities may cause the range of inference result too wider to be interpretable. In one instance, the fuzzy posterior probability is calculated out as posterior probabilities are therefore meaningless. However, how to deal with such wide range fuzzy probabilities in FBN is obviously important. This is beyond the scope of this paper although it should be studied in further research. Tables 1, 2 and 4 give the fuzzy prior probabilities of nodes X, Y and V, respectively. Tables 3, 5 , and 6 give fuzzy conditional probabilities of nodes Z, U and W, respectively. As shown in Table 1 , there are two possible values for "Human Errors" (x 1 or x 2 ). If X is true (x 1 ), it means that the errors caused by human errors take place. The occurrence likelihood of the event was addressed by domain experts using linguistic term "Quite unlikely". Discussed in Appendix 2 and refereed to Table 2 , y 1 means that "bad weather condition" is observed and the occurrence likelihood of this event is judged as "Even chance" defined by a triangular fuzzy number (0.49, 0.50, 0.51). Table 3 gives the conditional fuzzy probabilities of the variable "Shutter Tanker (Z)" given the variables "Adverse Weather (Y)" and "Human Errors (X)". In Table 3 , a fuzzy probability is provided for each combination of events (eight in this case). The fuzzy probability value (z 1 ) under the condition of x 2 and y 2 , for example, is shown in the fifth row and third column. The particular value suggests that the faulty position of shuttle tanker is "Nearly impossible" to happen with fuzzy probability (0.04,0.05,0.06) if there is no malfunction caused by human errors and bad weather condition. However if there are human operational errors (x 1 ) that happened under bad weather conditions (y 1 ), the likelihood occurrence of faulty position of shuttle tanker is increased to "Quite likely" with fuzzy probability (0.64,0.65,0.66) (shown in the second row and third column of Table 3 ).
In Table 4 , if V is true (v 1 ), that means "Support Vessel" malfunctions are observed, which may cause collision with the FPSO Unit. The conditional fuzzy probabilities associated with the node "Collision with FPSO (U)" given the variables "Shuttle Tanker Position (Z)" and "Malfunction of Support Vessel (V)" are shown in Table 4 . There are eight fuzzy probabilities for each combination of events. The collision accident of the FPSO is "Nearly impossible" (with fuzzy probability (0.04,0.05,0.06)) to happen given no malfunctions of shuttle tanker (z 2 ) and support vessel (v 2 ) (shown in the fifth row and third column of Table 5 ). However once there are position errors of the shuttle tanker (z 1 ) and support vessel (v 1 ), the occurrence likelihood of collision with the FPSO is increased to fuzzy probability (0.24,0.25,0.26) (shown in the second row and third column of Table  5 ). Table 3 The conditional occurrence probabilities of "Shutter Tanker faulty positioning" Table 5 The conditional occurrence probabilities of "Collision with FPSO" The two possible values (w 1 or w 2 ) of variable "Personnel Injury/Loss (W)" are shown in Table 6 . As can be seen in the second row and second column, the likelihood of occurrence of "Personnel Injury/Loss (W)" is "Very likely" with fuzzy probability (0.74,0.75,0.76) given the observation of collision of FPSO (U= u 1 ). 
It is worth noting that the joint probabilities of the nodes in the BN structure are calculated through the conditional independence rule of probability using Equation (1):
Using conditional independence relationships, the following is obtained:
For demonstration purposes, the calculation of the first part of the above equation is addressed here in detail. The following fuzzy probabilities can be obtained from Tables 1,  2 Using α -cut based interval multiplication defined in Equation (7) 0.7936, 0.8693, 0.9507) For node W: 0.8177, 0.9003, 0.9896) What is really of interest, however, is how the prior probabilities change when new observations are added into the BN for a particular node. Suppose it is observed that there is human injury, and it is required to inference to what degree this human injury was caused by human errors during operations. This needs to calculate posterior probability ) (
Using Bayesian rule Equation (4), the relevant calculation is:
is calculated first (the detailed calculation can be seen in 0.3233, 0.4614, 0.6626) In fact, the above result is achieved using Equation (8) suggests that the posterior probability changed significantly. This might imply that node "Personnel Injury/Loss" is quite sensitive to node "Human Errors", that is, once a personnel injury/loss accident caused by collision of FPSO is observed, it is more likely that human errors during operation are the causes. To further justify the conclusion, sensitivity analysis must be conducted.
Sensitivity refers to how sensitive a model's performance is to minor changes in the input parameters. Sensitivity analysis is particularly useful in investigating the effects of inaccuracies or incompleteness in the parameters of an FBN model on the model's output. The most natural way of performing sensitivity analysis is to change the parameters values and then, using an evidence propagation method, monitor the effects of these changes on the posterior probabilities. In this case study, the preliminary conclusion (i.e. node "Personnel Injury/Loss" is quite sensitive to node "Human Errors") is drawn based on posterior probabilities e.g. ) (
Thus one of the most important sensitivity analysis aspects is to analysis how they change when prior probabilities take different values. Without loss of generality, ) ( 1 x X P f = takes eight different values, ranging from (0.14, 0.15, 0.16) to (0.49, 0.50, 0.51) (see Table 7 ). A Matlab calculation program has been developed to implement the FBN inference. The results in Table 7 were generated using the program and graphically shown in Figure 4 . As can be seen in Table 7 , the values in the second and third columns indicate that ) ( Figure 4 also shows a positively increasing trend in the posterior probability when ) (
increases. Therefore there is a reason to believe that the above conclusion is reliable.
To reduce computational complexity and obtain significant savings in computation time, a Matlab program has been developed. All the FBN inferences including sensitivity analyses in this paper are conducted with the developed Matlab program. Kadie, et al., 2001) . The most significant advantage of Hugin is that it not only serves as "drag and drop" style model construction tool, but also provides libraries of routines for computation of probabilities as well as learning algorithms, facilitating the easy design and authoring of BN models for diagnostics. Using Hugin, it is possible to view the status of any given number of observations, and "run" to obtain posterior probability.
For comparison purposes, fuzzy prior probabilities and CPTs given in Tables 1 -6 
, as shown in Table 1 using bold font in the second row and second column), it is obvious that there is a significant change between the posterior probability and prior probability. This suggests that node "Personnel Injury/Loss" is related to node "Human Errors". This result is consistent with that obtained using FBN.
The proposed FBN approach is validated in this way. By comparing the FBN inference and the conventional Bayesian inference, it is noted that although these two methods produce similar results given the same model and similar input data, FBN seems more flexible and interpretable than conventional BN. 
Conclusions
FBN is a technology with huge potential for application across many domains. This paper discusses FBN and its application in offshore risk analysis. The proposed FBN approach uses fuzzy number based probabilities to conduct Bayesian inference, which includes risk factor inter-relationship identification, BN model establishment, fuzzy prior probability and likelihood calculation, and inference and interpretation. The FBN model explicitly represents cause-and-effect assumptions between system variables that may be obscured under other modelling approaches like fuzzy reasoning and Monte Carlo risk analysis. The flexibility of the method allows for multiple forms of information to be used to quantify model relationships, including formally assessed expert opinion when quantitative data are lacking or, only qualitative/vague statements can be made. The proposed FBN model is also a modular representation of uncertainty knowledge caused due to randomness and vagueness, and therefore can be potentially integrated into the existing risk assessment systems. In general, the proposed model ensures that its applications are conducted in a disciplined, well-managed, and consistent manner that promotes the delivery of risk assessment results. . For the classical set or crisp set, membership functions take a value of 1 or 0. However, for fuzzy sets, a membership function can take values in the interval [0, 1] . The range between 0 and 1 is referred to as the membership grade or degree of membership. A fuzzy set A is defined below:
where μ A (x) is a membership function belonging to the interval [0,1].
There are different kinds of membership function. A triangular membership function (Figure 7 ), for example, is one of the most popular ones. It is normally defined by parameters (a, b, c) , where a is the membership function's left intercept with the grade equal to 0, b is the centre point where the grade is 1 and c is the right intercepts at grade equal to 0. The function y = triangle (x, (a, b, c) ) is written to return the membership values corresponding to the defined universe of discourse x. The parameters that define the closed interval membership function (a, b, c) must be in the discretely defined universe of discourse. (c) It has a bounded support, i.e.
Note that an α-cut of a fuzzy number X is an interval number α X that contains all the values of real numbers that have a membership grade in X greater than or equal to the specified value of α. This can be written as
To implement fuzzy number operations using α -cut and interval arithmetic method, it is essential to perform interval-based calculations at each α -cut. 
where inverse addiction is defined as:
Multiplication:
Inverse multiplication is defined as:
When α takes value from 0 to 1, the above formulae give the results of addition, subtraction, multiplication and division of two fuzzy number X and Y, respectively.
Appendix 2 Linguistic variables
Offshore risk analysis is usually a multi-criteria and multi-expert analysis process. The measurement of the probability of an unwanted/unsuccessful event may conveniently be assessed by linguistic terms on a subjective basis. Linguistic variables provide appropriate elements in human knowledge representation. When human experts are asked to evaluate the occurrence likelihood of a possible event with limited historical data, it is more likely that they use words like "very unlikely to happen" or "quite likely to happen". By introducing the concept of linguistic variables, it is possible to formulate vague descriptions in natural languages in precise mathematical terms. In fact, a variable that is imprecisely defined using linguistic descriptors is called a "linguistic variable." A linguistic variable takes on linguistic value whereas a numerical variable takes on numerical value. Uncertainty about a numerical value can be described using probability distributions. Uncertainty about a linguistic value can be expressed using fuzzy measures. The occurrence likelihood of possible events is nearly impossible (extremely unlikely to exist in the system or during operations).
(0.00, 0.05]
Very unlikely
The occurrence likelihood of possible events is highly unlikely (highly unlikely to exist in the system or during operations).
(0.05, 0.30]
Quite unlikely
The occurrence likelihood of possible events is quite unlikely but possible (improbable to exist even in rare occasions on the system or during operations).
(0.30, 0.45]
Even chance
The occurrence likelihood of possible events is even chance (likely to exist on rare occasions in the system or during operations).
(0.45, 0.55]
Quite likely
It is quite likely that events occur (i.e. exist from time to time on the system or during operations, possibly caused by a potential design fault or malfunction during operations).
(0.55, 0.70]
Very likely
It is highly likely that events occur (i.e. often exist somewhere on the system or during operations due to a highly likely potential hazardous situation or design and/or operations procedural drawback).
(0.70, 0.95]
Nearly certain
Events always happen (i.e. likely to exist repeatedly during operations due to an anticipated potential procedural drawback in design and operation).
(0.95, 1.00)
Certain
Events definitely happen. 1.00
Two issues must be given more attention during the assignment of linguistic terms with fuzzy membership functions. First, a single linguistic term may have more than one membership function e.g. "Very unlikely" may have membership functions (0.19, 0.20, 0.21) and (0.24, 0.25, 0.26) . This is because when domain experts assess the occurrence likelihood of two possible events, they may use single term to describe them e.g. "Very unlikely" to happen. However, if they can tell a difference between the occurrence likelihood of the two possible events, then different membership functions should be used. This provides accuracy to linguistic variables and flexibility to use fuzzy membership functions.
Second, an assigned fuzzy membership function may lie across the boundary between two value ranges. (0.04, 0.05, 0.06), for instance, does not lie completely within one single value range. It has intersection with both "Nearly impossible" and "Very unlikely". This means that experts made judgement of this fuzzy probability as "Very unlikely and very close to Nearly impossible". 
